There is a great deal of interest in grassland yields as they are a required component in the calculation of carrying capacity, which is very important in grassland management practices. Traditional approaches to yield information are often time-consuming, expensive, and limited in areal samplings. It is therefore desirable to develop new methods that can provide quick, easy, and costeffective estimates of grassland yields over large areas. In this study, an experiment was conducted at Fukang County, Xinjiang, China, to collect in situ data and remote sensing imagery. The in situ data included green herbaceous forage yields and weather information at four grassland types (plain desert, saline steppe, hill desert steppe, and mountain meadow), while the remote sensing images were acquired by the Landsat satellite TM sensors at 30-m resolution. Analysis of this dataset resulted in the development of a yield model using the Projection Pursuit Regression (PPR) method. The PPR model was compared with traditional multivariate linear statistical methods and was found to be much more accurate in estimating grassland yields. When applied to the four grassland types, the PPR models resulted in an accuracy of 81.76, 88.61, 83.50, and 92.35% for plain desert, saline steppe, hill desert steppe, and mountain meadow, respectively. Therefore, the new PPR model has the potential to provide an effective method to estimate grassland yields over large geographic areas.
INTRODUCTION
Yield information is important in assessing grassland productivity and in production planning of animal husbandry. Specifically, spatial and temporal distribution of grassland yields provides critical information for rangeland managers to make sound decisions related to grassland carrying capacity, forage availability, and their dynamics (Innis 1978; French 1979; Lu 1990; Espigares 1995; Fan 1996; Jones 2001) . Approaches to grassland yield estimation are traditionally field-based, where field technicians take samples of limited areas back to the laboratory for detailed measurements. The field-based data are then analysed using multivariate regression techniques. Although these traditional methods are easy to use, they are time consuming, labour intensive, and limited in space and time. To avoid these limitations, new approaches are needed that are easy to use, cost effective, and spatially representative.
Projection Pursuit Regression (PPR) is a relatively new statistical method developed in the late 1980s (Cheng & Li 1986) . Over the past decade, an advanced PPR software package was developed (Deng 1988; Deng & Xu 1994 ) that can provide an efficient way of multivariate regressions. This software can be used to quickly establish statistical relationships between multi-variables and reduce the data dimensions. The internal characteristics, structures, and relationships of multi-dimensional data can be viewed for detailed analysis. When applied to establish statistical relationships between grassland yield and remote sensing variables, the PPR method is expected to be much quicker and accurate than the traditional statistics. In fact, the PPR regression method has been used in environmental and ecological interpretations of yield formation information and its relationship with plant growth and environmental variables (Deng & Xu 1994) . It has also been used in estimating crop yields and forecasting climate changes such as flood and insect frequencies (Yuan & Fine 1998; Hall et al. 1999; Hsing 1999; Jones 2001; Hristache et al. 2002) .
Another advantage of the PPR method is that the model can be analysed to infer some ecological information as well. From the output of the PPR model, information can be extracted regarding grassland vegetation and ecosystem variables for improved ecological understanding of grassland ecosystems. The objective of this study is to take advantage of the PPR method and develop new models that can be effectively used to estimate grassland yields over large geographic areas.
MATERIALS AND METHODS

Study site
The study area was in Fukang County in the northeast of Tianshan Mountains and to the south of Zhonggeer Basin in China. The geographic coverage ranged from 87°46′-88°44′E longitude to 43°45′-45°30′N latitude. The area was geographically classified into three land cover types: northern desert, middle plain, and southern mountains. Vegetation type changed primarily with topography and included plain desert, saline steppe, and hill desert steppe and mountain meadow. The major herbage species in four grassland types were dominated by the grasses Suaeda dendroides, Reaumuria soongorica, Salsola collina (type I); Achnatherum splendens and Stipa capillata (type II); Caragana soongoria, Festuca ovina (type III); Ajania fastigiata and Carex liparocarpos and small amounts of other species (type IV). The climate belonged to continental temperate category with a mean annual temperature of 3.4°C in the mountains, 6.6°C on the plain, and 5.9°C in the desert. The mean annual precipitation was about 426.6 mm in the mountains, 187.5 mm on the plain, and 144.7 mm in the desert.
Within the study area, four experimental plots across all the main grassland cover types were set up to measure long-term variations in grassland yields and other ecological variables. These plots were precisely geo-located using global positioning system (GPS) for referencing the ground-based measurements with satellite observations.
Field-based measurements
From 1999 to 2000, grassland yields (green parts) of each plot were measured in 10 subplots of 1 × 1 m in size every 2 weeks from 16 May to 16 October. Grasses within each plot were cut and weighed on site, after which they were oven dried at a temperature of 105°C before dry biomass was measured. The data acquired within these smaller plots were used in the PPR modelling analysis. In order to validate the established models, a much larger sampling plot of 100 × 25 m was set up in each of the four vegetation types, which represented a 15 × 15 km area. Additional measurements within these bigger plots were measured on 1 June and 16 September using the same field protocol as in the smaller plot measurements to investigate grassland basic information and structure and checked for grassland yield validation using PPR models.
Remote sensing data collection and processing Twenty NOAA/AVHRR and four TM images from 1999 to 2000 were acquired during the period when the ground-based measurements were made. The NOAA and Landsat TM images were processed and analysed using ERDAS (Earth Resources Data Analysis System, and a remote sensing image processing software) and ARC/INFO (a geographic information system software). First, these images were geometrically referenced to the ground control points identified across the NOAA images (Tucker 1987; Tueller 1989; Zhang & Den 1996; Li & Liang 1998) . These features included geological features of the Tianshan Mountains. As the pixel size of NOAA AVHRR image is 1.1 km, the geometric accuracy of these images was considered to be fairly rough. However, because of the homogenous nature and extensive coverage of the study areas, the accuracy of approximately 1 pixel was considered to be acceptable. For the TM images, with a spatial resolution of 30 × 30 m, the geometric accuracy was estimated to be within 1.5 pixels (approximately 50 m), which was good enough to geo-locate the 100 × 25 m large plots. All geometric referencing processes were performed using a polynomial model (with a relative mean size (RMS) of 1-1.5 pixel sizes) and nearest neighbour sampling technique to preserve the radiometric properties. Once the images were processed geometrically, several traditional vegetation indices were calculated that included the average ratio vegetation index (RVI = ch2/ch1 for AVHRR data and RVI = ch4/ch3 for TM data) and the normalised difference vegetation index (NDVI = (ch2-ch1)/(ch2+ch1) for AVHRR data and (ch4-ch3)/(ch4+ch3) for TM images). These values were extracted for each of the plot locations using all data from 16 May to 16 October in 1999-2000 periods.
In order to avoid the limitations of NOAA data, as the source of information used in this research was digital data derived from the NOAA/AVHRR format node, with a 1.1 km spatial resolution acquired during ascending node (13:30), the following problems were especially researched: (1) Rectifying the effects of sun angle, atmosphere, and terrain using digital elevation model (DEM), projection transform and data factorisation, image registration, information classification and image overlay to decrease the errors in data processes.
(2) Rectifying the NOAA data by TM and ground observed spectral information. (3) In order to decrease the errors of pixel coordinate deviation, the average of the processed pixel and its 24 near neighbours' value (5 × 5 = 25 pixels) was used in correlation analyses. (4) Twenty scenes of NOAA data and relative measuring ground yield data in corresponding time were used to make the models, and the relationships between RVI and NDVI extracted from the images, and the yields measured in ground truth sites were further discussed. (5) All remote sensing estimating yield models and results were also analysed for their precision and checked by actual measuring yields on four ground truth sites. In this paper, the combination of the simulated results with the grassland scientific knowledge was especially discussed to develop recommendations for animal husbandry.
Development of PPR models
Selected parameters in the PPR model development included: (1) ground-based yields, precipitation, air temperature, soil temperature, soil moisture, cumulative rainfall; and (2) remotely sensed RVI, NDVI, and various combinations of spectral bands. These parameters were used as inputs to the PPR model to derive a series of regression models for yield estimation. This procedure was repeated for each of the grassland types as the yields were significantly different among them. Detailed procedures in PPR modelling included data selection, information processing, model parameterisation, accuracy testing, and error analyses between estimated data and measured truth data. The initial PPR model used to estimate grassland yields was in the form of:
NDVI, SW, AT, ST, PR, APR, t, C)
where Y i t (kg/ha) is fresh forage yields at different times (t) of each plot, RVI and NDVI spectral vegetation indices defined above, SW the average soil moistures (%) from 0 to 50 cm in the soil, AT the air temperature (ºC), ST the soil temperature (°C) (at 25 cm depth), PR precipitation (mm), APR accumulative precipitation (mm) from April to October, t time (year/month/day), and C grassland types (I , II , III , IV). Using this general form and the field data from all plots, the PPR software generated a series of optimal regression equations ( Table  1) . These equations were then subsequently applied to the entire remote sensing images to estimate the spatial distribution of the grassland yields, which were then validated using the data collected from the larger plots.
RESULTS
Optimal PPR models for yield estimation
The general PPR model in this study was expressed as:
where FY is fresh yield, G 1 , G 2 two ridge-functions, R 1 , R 2 the corresponding weights of G 1 and G 2 , respectively, and A 1 and A 2 two independent variable polynomials. In the study, all models were analysed by examining correlation coefficients (R), and F test. The relative errors between measured and predicted yields were less than 20% at the statistical significance of P < 0.05. The results showed there were significant correlations between the herbaceous yields and environmental variables and the two vegetation indices (P < 0.05) (Fig. 1) . The correlation coefficients (R) were above 0.697. The correlation coefficients (R) between the yields and a combination of both six environmental variables and two vegetation indices, were greater than those of either between yields and six environmental variables or between yields and two vegetation indices for all four grassland types. Therefore, the model using all six environmental variables and two remote sensing variables was recommended for grassland yields.
Establishing PPR models and estimating yields for plain desert grassland
The PPR yield models were non-linear functions. For plain desert grassland, the optimum fresh yield (FY) model was established in this study as:
-0.0045PR -0.036APR + 11.5935NDVI + 9.5025RVI and A t 2 × X = -0.063t -0.306SW -6.153ST + 3.492AT -0.108PR + 0.024APR + 8.2875NDVI -11.8155RVI where FY is fresh yields (kg/ha), relative weights of G 1 and G 2 (G 1 and G 2 were ridge-function 1 and ridge-function 2 in the model) were 1.0000 and 0.2821, the non-linear coefficients of two ridge-functions were automatically depicted by PPR software package, and the contributing rates of G 1 and G 2 for the regression model were 1.0718 and 0.3024. The estimated yields with this model agreed well with the ground-based observations, both showed two peak values in the spring and autumn seasons. The peak in autumn was shown to be higher than that in the spring (Fig. 1) .
The contributions of the six environmental and two remotely sensed variables to the yield estimation were different and the order of importance (weights) differed among the four grassland types (Table 1) . Clearly, different environmental variables were dominant factors in grassland production, depending on the types of grasslands. The contribution (weight) of each variable was determined by its variance (A) and coefficient (B), the two projection aspects, and by the ridge-function weight and variance, expressed as: 
where V i is the variance of the i-th independent variable, ΔF/ΔT(j) the j-th ridge-function (j = 1 -N). Depending on the projection aspects, shape, accuracy, and relative weights of the modelled results, fairly good estimation accuracies were achieved (81.76-99.93%). The average accuracy in estimating forage yields reached 95.11%. More accurate estimates were achieved in two growing periods: 16 May-16 June and from 1 September to 1 October in 1999-2000. Based on the contribution factors (weights), it was clearly seen that the air and soil temperatures and the accumulative precipitations were the most influential environmental factors in desert grassland production.
Establishing PPR models and estimating yields for saline steppe grassland For saline steppe grassland, the optimal fresh yield (FY) model, determined by the PPR model was expressed as:
where A t 1 × X = -0.0555t -0.489SW -1.12165ST -1.8255AT -0.075PR + 0.015APR + 8.5965NDVI + 12.0855RVI and A t 2 × X = -0.009t + 0.5025SW -2.0205ST + 2.379AT -0.096PR -0.0045APR + 14.055NDVI + 4.176RVI where relative weights of G 1 and G 2 were 1.0000 and 0.1373, and the contributing rates of G 1 and G 2 for the regression model were determined to be 0.9814 and 0.1348. The PPR model simulated yields matched very well to the field observations. The peak growth occurred in July and August, as shown in both field data and in the simulation. An analysis of the weighting coefficients from Table 1 and of the estimated yields from the PPR model (2) indicated that the dominant environmental variables to influence yields were substantially different from those for desert grasslands. This suggests a different environmental ecosystem for the saline steppe grasslands. The major factors controlling saline steppe grassland yields were soil and atmosphere temperatures (ST and AT) followed by RVI values, with a weighting factor of 1.0000, 0.9055, and 0.3912, respectively. Note that the environmental variables SW and APR seemed to be less important in this saline steppe grassland type.
The accuracy of modelled results varied from 88.61 to 99.53%, depending on the time periods.
The average accuracy was 96.41%, similar to that for the desert grassland model. Accurate estimates were achieved in the periods from 1 June to 1 July and from 16 September to 1 October in 1999 and from 16 May to 16 July in 2000. The estimates were almost the same as those observed on the ground, which were quite satisfactory for grassland monitoring and ecological applications in many cases.
Establishing PPR models and estimating yields for desert steppe grassland For desert steppe grassland, the optimum FY model established by the PPR method was expressed as:
where A t 1 × X = 0.0015t + 0.0072SW + 0.2895ST -0.5085AT -0.0135PR + 0.0105APR + 2.799NDVI + 14.7255RVI and A t 1 × X = 0.3045t + 0.1425SW + 7.761ST -11.7855AT + 0.405PR + 0.0225APR + 3.6975NDVI -3.4515RVI where relative weights of G 1 and G 2 were 1.0000 and 0.1367, and the contributing rates of G 1 and G 2 for the regression model were 1.0107 and 0.1382, respectively. Again, the yields simulated by the PPR model agreed very well with the observations. There were two peaks during the growing season in the spring and autumn. In reference to above-mentioned two PPR models, the weighting coefficients (Table  1 ) and the estimated yield using the PPR model were significantly different. The major factors affecting the grassland yield the most were air temperature, soil temperature, and RVI values. Because SW and NDVI had much lower weight values, these two variables were not important in grassland production. Therefore, they can be removed from the PPR model to form a simplified model ( Table 2) .
The average accuracy of the model was 96.55%, the lowest being 83.5% and the highest being 99.73%. The predicted yields matched well with the ground-based measurements during the periods of 16 May-16 June in 1999 and 16 May-1 September in 2000 (Tables 2 and 3) .
Establishing PPR models and estimating yields for mountain meadow grassland For the mountain meadow grassland, the optimal yield model derived from the PPR method was expressed as: .8705RVI where relative weights of G 1 and G 2 were 1.0000 and 0.0967, and the contributing rates of G 1 and G 2 for the regression model were 0.9652 and 0.0933. The PPR model estimated grassland yields matched well with the ground-based measurements. The best matching occurred during the growing periods between July and August each year. For this grassland type, there was only one growth peak, as simulated by the model and observed from those plot data. The average accuracy of the model prediction was 98.32%, with the lowest being 92.35%, and the highest being 99.94% (Table 2 ) .
The weights and orders of those eight variables were different for the mountain meadow grasslands from the previous three grassland types. This suggested that different environmental factors were playing dominant roles in grass growth. Based on their weights, dominant factors identified included RVI, ST, and AT values in the decreasing orders. The ST and AT were the key factors affecting plant growth or yield formation while the PR factor was negligible because of its small weight value.
DISCUSSION
Development of PPR software and its applications
The PPR software package was made of four subpackages, which could better solve the problems of correlation relationships of multi-variables characterised by non-linear and non-normal distribution, to overcome the difficulties of many dimensions in multi-variable statistics. It gave an effective diagram of regression and remainder test of estimating yields and simplified ecological environmental interpretation in different grassland types (Deng & Xu 1994; Yuan & Fine 1998; Jones 2001; Hristache et al. 2002) . It had many advantages over the traditional multi-variable statistical method in estimating and forecasting yields over large areas (Deng 1988; Deng & Xu 1994) . The PPR method has been successfully used in the grassland yield estimations in four grassland types, and could overcome the problem of many dimensions in multi-variable statistics. The resulting yield model accuracies and effects were greatly improved in comparison with those of other studies (Cheng & Li 1986; Deng & Xu 1994) . The software had a sub-package used in forecasting dynamic yields of different grassland types (Li & Jiang 1996a ,b, 1998a . From 1998 From -2002 , this PPR method has been used in estimating agricultural yields, multi-variable statistical estimations and forecasting climate changes (e.g., global change, flood and insect density) in many scientific fields in many countries (Yuan & Fine 1998; Hall et al. 1999; Hsing 1999; Jones 2001; Hristache et al. 2002) . This PPR method has many sound functions in estimating grassland yields and forecasting agricultural yield changes.
Establishing PPR models and estimating grassland yields over four type grasslands By means of the PPR method and eight variables measured in four grassland types in China, the estimated yield models were established, which quantitatively related measurable variables to grassland yields. On grassland yield estimations from 1999 to 2000, the results of these PPR models were clearly better than those of multi-variable linear regression models set by the traditional statistical methods from Tables 2 and 3 . Using the optimum non-linear estimation models, total yields in the four types were simulated, and compared with measured grassland yields in ground sites (Tables 2 and 3 ). The grassland temperate desert steppe and the temperate mountain meadow, AT, ST, and RVI values are the key factors affecting grassland yields, but orders are different from different grassland types. In the saline steppe, the minimum and maximum relative errors are 0.47 and 11.39%. In the temperate desert steppe, the minimum and maximum relative errors are 0.27 and 16.50%. However, in the temperate mountain meadow, the minimum and maximum relative errors are 0.06 and 7.65%, respectively. In the four grassland types, the minimum accuracies of estimating yields using the PPR method were 81.76%(I), 88.61%(II), 83.50%(III), and 92.35%(IV), respectively. The important orders in estimating yields in the four types are type IV > type II > type III > type I. In future, it will be essential to simplify the complicated models into simple forms in accordance with the weight values and orders of each variable, which can be done by PPR method. From the information in Table 1 and our research results, relative weight values and orders, and contributing rates of G 1 and G 2 to regressive models differ greatly for eight independent variables (Fig. 1) . Therefore, the grassland yields can be precisely forecasted in grassland managements using the PPR models for independent variables with higher weight values and contributing rates.
CONCLUSIONS
By the PPR multivariate regression method, four grassland yield models were established as a nonlinear function of eight environmental and remote sensing variables (air temperature, soil temperature, soil moisture, precipitation, accumulative precipitation, time, ratio vegetation index, and normalised difference vegetation index). Each model was derived by PPR optimisation for each of the four grassland types (plain desert, saline steppe, desert steppe, and mountainous meadow) with varying weights for each variable (Table 1 ). The estimated yields agreed well with in situ measurements for all four types of grassland with an overall accuracy of 75.8, 85.5, 84.7, and 81.1% for plain desert, saline steppe, desert steppe, and mountainous meadow, respectively (Tables 2  and 3 ). The largest uncertainty was less than 25% at any point in time, which was believed to be satisfactory for large-scale grassland management purposes. Thus, the established models have the potential to be operationally used for management purposes over large geographic areas. A total of eight independent variables, six environmental and two remote sensing variables were used in the PPR models. For different grassland types, the weights and their orders were found to vary substantially. For the plain desert grassland, air temperature, soil temperature, and accumulative precipitation were found to be the most influential factors to affect yield production ( Table  1) . The uncertainty was estimated to be between 0.07 and 18.24%. For the saline steppe, desert steppe, and mountain meadow grassland types, the air temperature, soil temperature, and ratio vegetation index were the dominant factors affecting grassland yields. Their relative errors were found to be between 0.47 and 11.39% for the saline steppe, 0.27 and 16.50% for the desert steppe, and 0.06 and 7.65% for the mountain meadow. The minimum accuracies were 81.76, 88.61, 83.50, and 92.35% for plain desert, saline steppe, desert steppe, and mountainous meadow, respectively. Based on the weights and orders of the environmental variables, future work may focus on further simplifying the yield models by reducing the number of independent variables, which can be done again with the PPR method. Those variables carrying very low weights may be omitted and the yield estimation should not be significantly different from their true values.
